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EXECUTIVE SUMMARY 
Autonomous vehicles (AVs) will challenge cities in ways that are currently difficult to 
fully envision, and yet critical to begin addressing. A particular challenge is the potential 
for AVs to upset municipal budgets as they upend traditional auto-related funding 
streams like registration fees and parking revenues. This research begins to quantify 
the potential financial impacts of AVs by analyzing current associations between 
transportation network company (TNC) trips—often viewed as a precursor of AVs—and 
parking revenue. Specifically, we use Uber trip data along with built environment and 
parking revenue data from the City of Seattle to ask: what is the association between 
TNC trips in a neighborhood and parking occupancy and revenue?  
We find that the number of TNC trips is positively and significantly associated with 
parking occupancy and revenue; specifically, for each additional 1,000 TNC trips, 
parking occupancy increases by 17.1 percent, all else equal. For the same increase in 
TNC trips, total and per-space parking revenue increases by 15.4 and 12.7 percent, 
respectively. Yet findings reveal that the relationship between TNC trips and parking 
occupancy and revenue is not linear; the model predictions show that parking revenues 
will decline if or when TNC (or possibly AV) trips are about three times greater than the 
average number of daily trips taken in 2016. The maximum observed parking 
occupancy rates also indicate that we are closer to peak parking (revenue) than these 
predictions would otherwise indicate.  
This suggests that, while some travelers may hail a TNC in lieu of driving, modal 
substitution is not yet resulting in parking revenue losses overall, although it is getting 
closer. Instead, rather than TNCs reshuffling a fixed number of travelers into a different 
modal mix—more people are traveling to and from destinations using a combination of 
modes, including both personal vehicles and TNCs. In other words, TNCs and driving, 
which at first blush seem to be classic substitutes, may in fact be complementary by 
enabling more people to travel to/from locations on preferred routes, times, and modes.  
The data used in this study do not provide insight into which TNC trips substitute for 
driving, which carry people who previously traveled by other modes or at other times of 
the day, or which are new trips entirely. Additional research is needed to better 
understand the potential mode shift dynamics between driving, TNCs, and other modes.  
TNCs are just one of many factors significantly associated with parking occupancy and 
revenue; parking occupancy and revenue are also associated with local built 
environment, temporal, and transportation system contextual variables. Model results 
for both total and per-space revenue show that the built environment, including land use 
and population density, have relatively small associations with revenue compared to the 
broader temporal and transportation context: time of day, number of parking spaces, 
and parking price all have strong associations with parking revenue. This finding affords 
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a policy opportunity across land uses. Policymakers and planners can adjust parking 
prices or policies by time of day or day of week to achieve desired occupancies or 
outcomes. 
This research demonstrates that while cities are not in immediate danger of losing 
parking revenues due to TNCs, and parking demand will not disappear overnight, 
parking revenues may erode at high levels of TNCs or AV trip-making. To prepare for 
this uncertain future, cities should practice scenario planning to understand revenue 
implications as people take more TNC trips—and eventually AVs—in the coming years. 
Dynamic analyses are needed to assess how parking rates change in response to 
higher TNC use, and how those changes paired with one another could affect parking 
revenues. 
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1.0 INTRODUCTION 
Twenty years ago, autonomous vehicles (AVs) were more fiction than science. Today, 
AVs have driven millions of miles, but continue to face planning, design, and financial 
challenges (Brodsky, 2016; Glancy, 2015). AVs hold the potential to drastically reshape 
transportation and could reshuffle city development patterns or alter land valuation, 
leading to strains on government finances. However, the current level of AV deployment 
remains insufficient to evaluate how they may actually impact city environments and, in 
particular, city budgets. Instead, researchers and policymakers have thus far relied on 
transportation network companies (TNCs), including Uber, to proxy for forthcoming AV 
technologies. Like AVs, TNCs eliminate the need to park at a destination. Previous 
researchers have also used chauffeur services—similar to TNCs—to approximate 
potential travel behavior responses to the introduction of AVs (Harb et al., 2018).   
A proliferation of research has explored many technological aspects of AVs, yet few 
cities have begun planning for or considering how AVs may impact city or suburban life 
(Glancy, 2015; Mitteregger et al., 2019; Terry and Bachmann, 2019; Freemark, Hudson, 
and Zhao, 2019). This report evaluates a specific secondary effect: the potential 
impacts of AVs on municipal budgets via altered parking revenues. By eliminating the 
need to park, AVs have the potential to decimate parking revenues so that parking 
garages and meters are not only no longer sustainable sources of revenue, but liabilities 
as revenues fall below levels needed to repay debts incurred to build the parking 
infrastructure in the first place. Using TNC (Uber) trip data in conjunction with built 
environment and parking revenue data from the City of Seattle, we ask: what is the 
association between TNC trips and parking occupancy and revenue? Findings yield 
implications for municipal budgets and AV and parking policy moving forward.  
The remainder of this report is arranged as follows: First, we review the pertinent 
literature on municipal budgets, TNCs, AVs, and parking. Second, we overview the data 
and methods used to answer our research question. Next, we discuss the results of our 
investigation. We close with implications for city budgets and AV and parking policy 
moving forward.  
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2.0 LITERATURE REVIEW 
2.1 EFFECTS OF AVS ON MUNICIPAL BUDGETS 
Limited work to date has investigated the impacts of AVs or TNCs on municipal finance 
and budgeting. Clark, Larco, and Mann (2017) provide an overview of potential AV 
impacts across a city budget, but propose a directional rather than quantified magnitude 
of these impacts. In a three-city case study, Clark and Lewis (2018) elucidate limited 
budgetary impacts across a number of revenue categories, but do not base their 
empirical evaluation of what is currently happening on the ground. Mitteregger et al. 
(2019) examine projected fiscal impacts of AVs on Vienna, Austria. Maciag (2017) is 
one of the few articles in the popular press to empirically examine how autonomous 
vehicles might impact local government budgets. In his study of 25 large U.S. cities, he 
observes that parking revenues (meters, garages, fines/fees) amount to $129 per capita 
on average. He notes that revenue “[t]otals were much larger in cities assessing special 
taxes on parking operators, deploying traffic cameras or those receiving substantial 
shared revenues from states in the form of gas taxes or vehicle registration fees” 
(Maciag, 2017). This implies that the degree to which cities rely on parking- and 
enforcement-related revenues will ultimately affect how much a city's budget will be 
impacted by the shift to AVs. 
A number of AV policy guides have been distributed in the past several years. Glus et 
al.’s (2017) “Driverless Future: A Policy Roadmap for City Leaders” discusses how cities 
may change over the coming decades with the adoption of AVs, and issues 
recommendations for how cities might plan for such changes. They state that “Cities 
have a window of opportunity to shape how the autonomous vehicle is used and must 
act now to define policies that minimize risks and maximize the benefits of driverless 
technology” (Glus et al., 2017, 2). While the authors provide a range of 
recommendations, they only briefly mention AVs’ potential financial impacts. Fagnant 
and Kockelman (2015) examine “traffic safety, congestion, and travel behaviors,” and 
while they suggest future changes to local governments’ costs and revenues, they offer 
little beyond demonstrating a need for additional planning and research. Lewis et al. 
(2017) offer a roadmap for leaders at all levels of U.S. government, but only briefly 
address changes in costs and revenues and do not provide sufficient detail to be 
actionable by local leaders. Connery (2016) analyzes the impacts of AVs on the 
municipal bond market, focusing on the investment risks of general obligation  bonds as 
they relate to AVs. The National League of Cities (NLC) (2017) issued a local 
government “policy preparation guide” that presents answers to common questions for 
cities about AV technologies and issues some guidance for cities preparing for AVs. 
The guide calls for proactive local policies and coordination across jurisdictional 
boundaries, with metropolitan planning organizations  coordinating regional efforts. 
Similar to other reports, the NLC offers only a broad call to cities for investing in the 
future and cautions that changes to expenditures and revenues are coming. The report, 
however, offers little specific advice or insight on where budgetary changes may occur. 
The City of Seattle issued its own guide, called the “New Mobility Playbook,” which 
9 
 
highlighted the need to diversify revenue sources in response to AVs (Seattle 
Department of Transportation, 2017). The City outlined a number of next steps to 
prepare for all types of new mobility, including AVs. Seattle’s work makes it clear they 
are aware change is happening, but again, they do not project the magnitude of change. 
While AVs will undoubtedly impact both sides of their budget (expenditures and 
revenues), the literature to date provides very limited insight into the magnitude of AVs’ 
potential financial impacts or how cities should start fiscal and budget planning for AVs. 
 
2.2 THE FUTURE OF PARKING DEMAND  
Many argue that, today, cities err on the side of requiring too much parking (Shoup, 
2017; Willson, 2013). Most parking in  Seattle, the city analyzed in this report, is free 
from direct user fees. Parking on most city streets is free, at least to those who live 
there, and often even free to others for certain hours each day. Yet as Shoup (2017) 
has detailed, even free parking is far from free.  
The actual cost of a single surface parking space averages $24,000 and can range from 
nearly zero to more than $100,000 (Shoup, 2011; 2017); however, these are not the 
prices the public typically pays for use of these spaces. Shoup (2011, 185) estimates 
that debt service and operations translate into monthly costs of $127 per parking 
structure space, although this estimate would roughly double if it included the social and 
opportunity costs of parking. A quick scan of current monthly rates for parking in Seattle 
show that users pay between $190 to more than $300 per month for a reserved spot in 
areas similar to where on-street parking is metered by the city, though rates do vary 
widely.  
Gutman (2018) investigated new garage parking in and around the Seattle metro 
region, finding that new parking construction costs total nearly $50,000 per spot. Based 
on the replacement cost of parking spaces, Scharnhorst (2018, 21) estimated that the 
“per-car cost of parking for the 435,000 cars in Seattle is $82,281,” which totals more 
than $35 billion.  
Parking policy has a long history of shaping American cities. With the advent of off-
street parking in the 1930s, “urban planners began to assume that most people would 
travel everywhere by car, park on-site while they worked, shopped, or dined, and then 
drive on to their next destination” (Shoup 2017, 2). The advent of AVs, however, breaks 
the historical nexus between driving and parking, reducing the need for on- and off-
street parking. Research on TNCs suggests a range of possible futures for parking 
demand in an autonomous future. Anecdotal evidence suggests falling parking 
revenues alongside the rise of TNCs (Maciag, 2017; Bergal, 2017b; 2017a; Williamson, 
2018; Morris, 2018). Correspondingly, surveyed TNC riders report hailing a ride to avoid 
parking prices and congestion (Clewlow and Mishra, 2017; Henao, 2017). While some 
research suggests that TNC use could reduce driving trips and therefore parking 
demand—particularly at popular destinations such as airports, sports arenas, and bar 
and nightlife areas (Henao and Marshall, 2019)—one may also expect to see more TNC 
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trips in locations with high parking demand as people seek to avoid driving to and 
parking in such areas. For example, Brown (2019) finds a negative association between 
off-street parking density—where arguably parking supply is greater and a free space is 
easier to find—and the number of TNC (Lyft) trips per capita. TNC trips are also 
associated with built environment features beyond parking: research repeatedly 
identifies positive connections between density and ride-hail travel (Brown, 2019; 
Mahmoudi and Zhang, 2009; San Francisco County Transportation Authority, 2017). 
Mixed land uses are also associated with greater demand for for-hire services (including 
taxi, Uber, and Lyft) (Mahmoudi and Zhang, 2009). 
Like TNCs, AVs hold the potential to dramatically affect parking demand and therefore 
revenues. As Clark and Lewis (2018) and Maciag (2017) note, AVs will reduce parking 
revenue, though the timing of this decline remains uncertain. Some predict fully 
functional autonomous and shared ride-hailing services (Lyft without a driver) within 20 
years. While two decades may seem like sufficient time for cities to plan and adapt to 
AVs, research also finds that few are planning or preparing for these technologies 
(Freemark, Hudson, and Zhao, 2019). What are cities to do if and when shifts from 
personal cars to hailed AV fleets decimate parking revenues so that garages and 
meters are no longer sustainable sources of revenue, and indeed, a financial liability? In 
the following sections, we discuss, ask, and answer: What is the association between 
TNC demand and parking occupancy and revenue in Seattle between 2013 and 2016? 
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3.0 DATA & METHODS 
This research examines TNC trips and parking occupancy and revenue in Seattle 
between 2013 and 2016. On-street parking accounts for approximately one-third of total 
parking spaces in the city; the other two-thirds are in private garages, surface lots, and 
driveways. In sum, the city has about 1.6 million parking spaces, or about five parking 
spaces per household and nearly 30 parking spaces per acre, on average, throughout 
the city. Seattle’s parking supply is ample, and more similar to less-dense Des Moines, 
IA (which has fewer parking spaces per acre than Seattle) than it is to the more densely 
populated cities of New York and Philadelphia (Scharnhorst, 2018). In other words, 
parking, in all of its forms, is ample in Seattle.1 
This research utilizes parking occupancy, parking revenue, and TNC trip data along with 
data on the local built environment to examine the association between parking revenue 
and TNC trips in Seattle between January 2013 and December 2016. January 2013 
represents the start of Uber operations in  Seattle at volumes sufficient to track in our 
data (at least five trips in a census tract per time period (e.g., 11 a.m.-3 p.m.)); 
December 2016 represents the most recent date that Uber was willing to provide trip 
data to this study. The data used in this research are described in depth below. 
 
3.1 DATA STRUCTURE 
The geospatial and statistical analysis were challenged by the large size of the on-street 
parking data (approximately 560GB) provided by the Seattle Department of 
Transportation (SDOT). Given the computational challenges of working with these data, 
we chose to collapse the data to speed up computing times and provide for simple 
explanations in our study, while still having sufficient explanatory power. 
We use census tracts as the geographical units of study. In each tract we use three time 
periods (morning [8-10 a.m.], afternoon [11 a.m.-3 p.m.], and evening [4-7 p.m.]) for 
each day of the week (Monday-Saturday; parking is free on Sundays) in a given month. 
This means that all estimates would be, for example, calculated to afternoons on 
Tuesdays in March in the year 2013. This translates to three time periods per day each 
of the six days of the week we observed (Monday-Saturday), for each month—resulting 
in 18 observations per tract per month. The resulting study sample size is 24,598 
observations. Each study year (2013-2016) makes up 20 to 26 percent of the sample. 
 
 
1 Parking spots are not always free of charge, nor are they always readily available within feet of the 
destination, which may give the perception to some that parking is scarce in Seattle. This phenomenon is by no 
means isolated to Seattle; it is seen across the U.S.  
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3.2 DATA  
SDOT Data: We use two datasets from SDOT in our study. The first dataset includes 
paid parking transactions from districts with paid on-street parking (see   
Figure 1). Parking transaction data allow us to calculate the revenue collected. The 
second dataset is the calculated median occupancy rate for each tract. The median 
value of occupancy in a time block was calculated by the authors from data the city 
provided. For both datasets, we used ArcGIS to geolocate parking data. We then 
calculated parking occupancy and revenue for each observation period to match our 
overall data structure described above. Median occupancy rate is subject to a degree of 
inaccuracy, however, as people can pay for more meter time than they use (i.e., depart 
a meter before their time has expired) or pay for less than they actually use (i.e., park at 
a meter without paying). Similar to what Clark (2019, 12) notes about this calculation “it 
is assumed that this pattern of over/underpayment will be evenly distributed across all 
parking areas.” We also calculated the average rate paid in each tract for a given time 
period. Average on-street parking price per hour in a tract accounts for Seattle’s policy 
of periodically adjusting rates to optimize parking occupancy.2 
 
 
2 Like many other cities, Seattle’s parking policy has a goal of occupancy rates 70-85 percent (Baruchman, 2018). 
Shoup (2017) identified 85percent occupancy rate as an ideal occupancy rate to reduce congestion associated with 
drivers cruising for available on-street parking. 
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Figure 1.1: Map of Study Area 
 
TNC Data: Uber provided census tract-level trip count data; specifically, we utilize the 
total number of trip starts and ends in a tract. Trips are only counted once if they start 
and end in the same tract. Given the exponential growth of TNC trips during the time 
period, we include the number of trips and the squared number of trips to account for a 
potential non-linear relationship in TNC growth.  
 
U.S. Census Bureau American Community (ACS) Survey Data: Data drawn from the 
ACS include car ownership, population density, and median household income. We use 
census tract-level data from the five-year average data files—a separate five-year 
average matching each year of the study. For example, we used the five-year 2012-
2016 American Community Survey for our 2016 observations. 
 
Parking Citations: Parking violations could affect travelers’ decisions to use Uber 
instead of driving oneself. We therefore filed a public records request from the City of 
Seattle to obtain parking citation data to account for this possibility. Seattle provided 
data for 2016 and 2017—the only available years of data. We geolocated each violation 
to the census tract and time period, then calculated the average revenue across both 
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years. The two-year averages are used across all study years, as individual year 
observations were not available.    
 
Off-Street Parking Inventory: Seattle Open Data provides maps and detailed data of 
private off-street paid parking inventory. We geolocated each parking lot to census 
tracts. We assume the off-street parking inventories are static across the study period.   
 
Land Use Mix: Prior literature has indicated that land use is associated with changes in 
demand for TNCs and for-hire vehicles (Mahmoudi and Zhang, 2009; Clark and Brown, 
2020). We therefore gathered land use data from the City of Seattle. We consolidated 
different land use codes into five groups for our analysis: commercial, industrial, 
residential, mixed, and all other uses. We then calculated the share of land uses for 
each census tract using ArcGIS. Land uses change each year; thus, we calculated a 
unique land use variable for each year of our study. 
 
Transit Stop Density: Public transportation in Seattle and the broader King County area 
offers travel alternatives to driving. Past research finds transit stop density has a strong 
association with TNC trip-making. For example, Brown (2019) finds that, in Los 
Angeles, a 10 percent increase in the number of transit stops per square mile was 
associated with a 2.5 percent increase in TNC trips traveling to or from a neighborhood. 
Consequently, we incorporate transit stop density to reflect previous research and to 
quantify the broader context of the transportation network. We obtained King County 
Metro transit stop data from King County’s open data portal. We then geocoded these 
transit stops and calculated their density within each census tract.  
3.3 METHODS 
In this report we model associations between TNC trips, neighborhood built 
environment and three dependent parking variables: 1) on-street parking occupancy in 
a census tract; 2) total on-street parking revenue in a census tract; and 3) average 
parking revenue per space in a census tract. For all three dependent variables, we 
specify Poisson regression models with robust standard errors as all three dependent 
parking variables have non-normal or skewed distributions. Consequently, we follow the 
direction of Wooldridge (2002) and Gould (2011) to best account for these distributions. 
Gould  has noted that the use of “Huber/White/Sandwich linearized estimator of 
variance is a permissible alternative to log linear regression.” A Poisson specification 
has an added value of keeping zero revenue or zero occupancy observations; by 
contrast, an ordinary least squares (OLS) model with a logged dependent variable 
would drop those observations without further transformations. Furthermore, Silva & 
Tenreyro (2006, 645) state that in using a Poisson model, rather than OLS, “what is 
more important, yi does not even have to be an integer—for the estimator based on the 
Poisson likelihood function to be consistent.” Consequently, we have confidence that 
the Poisson model is the appropriate methodological approach for the data we are 
using.  
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4.0 RESULTS  
The results from this report expand our knowledge about the associations between TNC 
trips and parking. While the analysis is focused on TNCs and parking, the models 
forecast the role parking may play in the world of autonomous vehicles. Table 4.1 
shows the results from our three models. Model 1 uses median parking occupancy as 
the dependent variable. Model 2 uses total tract parking revenue. And Model 3 uses the 
average revenue per parking space. Throughout this section, we present results 
graphically to aid in interpretation of model coefficients. 
We first focus on model results of the independent variables of primary interest: the 
number of Uber trips. The results from Model 1 show that the number of Uber trips is 
positively and significantly associated with parking occupancy. The positive association 
is mediated by a negative squared term. For each 1,000 additional TNC trips, parking 
occupancy is expected to increase by 17.1 percent, all else equal. Figure 4.1 shows the 
non-linear nature of the association between parking occupancy and TNC trips. The 
positive relationship between TNC trips and parking occupancy peaks and then dips; in 
all cases, the negative relationship begins before projections reach the maximum 
observed value of TNC trips, depicted as a dashed vertical line. In all instances, these 
relationships assume no policy changes have been taken by the City to increase 
occupancy, such as changing hourly on-street parking prices. 
A positive and statistically significant association also exists between TNC trips and 
total tract revenue: each 1,000 additional trips yields a 15.4 percent increase in 
revenue, all else equal. Figure 4.2 shows predicted model values for total tract revenue 
as a factor of TNC trips. As with parking occupancy, the squared number of trips is 
statistically significant and negative. When we examine the marginal effects of TNC trips 
on total parking revenue, we find statistically significant results for a range of predicted 
outcomes up to about 13,750 trips. 
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Table 4.1: Associations between TNC trips, neighborhood characteristics and (1) parking occupancy, (2) total 
parking revenue, and (3) average parking revenue per space 
  (1) (2) (3) 
  
DV= 
Occupancy 
Rate se 
% change in 
expected count 
for unit change in 
X 
DV=Total 
Parking 
Revenue se 
% change in 
expected 
count for unit 
change in X 
DV=Parking 
Revenue 
Per Space se 
% change in 
expected 
count for unit 
change in X 
All pick-ups and drop-offs (in 1000s) 0.17751** [0.00956] 19.4 0.16014** [0.01312] 17.4 0.12977** [0.01002] 13.9 
All trips squared (in 1000s) -0.02311** [0.00171] -2.3 -0.01459** [0.00174] -1.4 -0.01165** [0.00139] -1.2 
On-Street Parking Median Occupancy 
Rate       0.02267** [0.00030] 2.3 0.02364** [0.00028] 2.4 
Average cost to park on-street per hour -0.05701** [0.00437] -5.5 0.17183** [0.00865] 18.7 0.39309** [0.00698] 48.2 
Paid On-Street Parking Spaces (in 100s) -0.04376** [0.00134] -4.3 0.26802** [0.00231] 30.7 -0.04424** [0.00201] -4.3 
Paid Off-Street Parking spaces (in 100s) -0.00406** [0.00012] -0.4 -0.00160** [0.00022] -0.2 0.00011 [0.00016] 0 
Number of Vehicles -Cars, Trucks, Vans 
(in 100s) -0.00928** [0.00065] -0.9 -0.02151** [0.00113] -2.1 -0.01406** [0.00092] -1.4 
King County Transit Stops/Sq Mile -0.11906** [0.00291] -11.2 0.14701** [0.00488] 15.8 -0.10839** [0.00403] -10.3 
Number of Parking Citations (in 100s) 0.05596** [0.00201] 5.8 -0.01133** [0.00264] -1.1 -0.03290** [0.00240] -3.2 
Median Household Income (in $1000s) 0.00684** [0.00021] 0.7 -0.01120** [0.00036] -1.1 -0.00099** [0.00029] -0.1 
Population Density (1000 people/sq mile) 0.03251** [0.00051] 3.3 -0.03097** [0.00105] -3 0.01837** [0.00065] 1.9 
Zoning & Land Use (Omitted Group: 
Commercial)                   
% Residential -0.00630** [0.00021] -0.6 -0.00378** [0.00033] -0.4 -0.00094** [0.00025] -0.1 
% Industrial -0.00593** [0.00026] -0.6 0.00486** [0.00039] 0.5 0.00047 [0.00032] 0 
% Mixed Use 0.00976** [0.00020] 1 -0.01800** [0.00035] -1.8 0.00357** [0.00026] 0.4 
% Other Zoning/Use -0.00401** [0.00021] -0.4 -0.01109** [0.00026] -1.1 -0.00281** [0.00022] -0.3 
Time of Day (Omitted Group: Morning [8-
10am])                   
Afternoon (11-3) 0.94836** [0.00839] 158.1 0.20679** [0.01380] 23 0.37295** [0.01415] 45.2 
Evening (4-7) 0.98842** [0.00888] 168.7 -0.71165** [0.01485] -50.9 -0.54050** [0.01609] -41.8 
Day of the Week (Omitted Group: 
Monday; no paid parking Sundays)                   
Tuesday 0.06403** [0.00805] 6.6 0.07163** [0.01424] 7.4 0.07384** [0.01180] 7.7 
Wednesday 0.08887** [0.00799] 9.3 0.05932** [0.01426] 6.1 0.06175** [0.01177] 6.4 
Thursday 0.10806** [0.00796] 11.4 0.03392* [0.01454] 3.5 0.03190** [0.01203] 3.2 
Friday 0.12537** [0.00806] 13.4 0.04071** [0.01430] 4.2 0.03414** [0.01185] 3.5 
Saturday 0.07823** [0.00950] 8.1 0.08623** [0.01367] 9 0.00507 [0.01247] 0.5 
Year Trend -0.05066** [0.00383] -4.9 -0.03515** [0.00555] -3.5 -0.07357** [0.00433] -7.1 
Constant 104.70918** [7.72492]   77.96304** [11.17747]   154.09079** [8.72650]   
Observations 24,598     24,598     24,598     
Robust standard errors in brackets ** p<0.01, * p<0.05               
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Figure 4.1: TNC Trip Effects on Parking Occupancy 
Solid vertical lines indicate mean number of TNC trips observed in data. Dashed vertical 
lines represent the maximum observed number of trips in the data; displayed curves to 
the right of the dashed vertical lines represent projections based on model results. 
 
 
Results for per-space parking revenue (Model 3) are broadly similar to Model 2. The 
average per-space, on-street, paid parking revenue increases by 12.7 percent for each 
1,000 additional TNC trips taken, all else equal. Again, the squared term is significant 
and negative and this non-linear relationship can be seen in Figure 4.3. In this model, 
statistically significant marginal effects are shown with a peak revenue of about 5,500 
TNC trips, after which revenues begin to decline.  
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Figure 4.2: TNC Trip Effects on Total Tract Revenue 
Solid vertical lines indicate mean number of TNC trips observed in data. Dashed vertical 
lines represent the maximum observed number of trips in the data; displayed curves to 
the right of the dashed vertical lines represent projections based on model results. 
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Figure 4.3: TNC Trip Effects on Average Revenue Per Parking Space 
Solid vertical lines indicate mean number of TNC trips observed in data. Dashed vertical 
lines represent the maximum observed number of trips in the data; displayed curves to 
the right of the dashed vertical lines represent projections based on model results. 
 
 
On-Street Median Occupancy Rate: In both parking revenue models (Models 2 and 3), 
we control for the parking occupancy rate (the dependent variable in Model 1). Results 
from both Models 2 and 3 show that for each additional percentage increase in 
occupancy, revenue increases by 2.3 or 2.4 percent, respectively.  
 
Average Cost to Park On-Street Per Hour: Model predictions show that as the cost of 
parking on the street increases by an average of $1/hour, the overall occupancy 
decreases by 5.5 percent. The results in Models 2 and 3 demonstrate that raising on-
street parking prices by $1/hour would increases total and per-space revenue by about 
18.7 and 48.2 percent, respectively. Figure 4.4Figure 4.4 shows the relationship 
between parking prices and total tract revenue (Model 2); the relationship holds across 
different times of the day.  
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Figure 4.4: Hourly Price to Park Effects on Tract Revenue by Time of Day  
 
 
Paid On-Street Parking Spaces: Model 1 results show that an increase of 100 paid on-
street parking spaces is associated in a 4.3 percent decrease in parking occupancy. 
This aligns with Model 3, which shows that for every 100 additional paid on-street 
parking spaces per space revenue falls by 4.3 percent. These results contrast to Model 
2 (total revenue), in which we find that an additional 100 paid on-street parking places 
are associated with a 30.7 percent increase in total tract revenue. The contrasting 
associations likely reflect that additional parking spaces may increase the overall 
revenue that the city collects, but simultaneously reduces demand for any one spot, 
thus decreasing per-space revenues.  
 
Paid Off-Street Parking Spaces: Off-street parking inventory is negatively associated 
with parking occupancy and total revenue collected; it does not, however, affect per-
space revenue. As the inventory of paid off-street parking increases by 100 spaces, 
parking occupancy falls by 0.4 percent, and total revenue falls by 0.2 percent. Figure 
4.5 provides a visual representation of this relationship in Model 2.  
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Figure 4.5: Number of Off-Street Parking Spaces Effects on Total Tract Revenue 
The solid vertical line in each cell of this figure represents the mean number of off-street 
parking spaces in a census tract. 
 
 
Number of Vehicles - Cars, Trucks, Vans: The number of vehicles owned in a tract is 
negatively related to parking occupancy rate, total, and per-space revenue. Results 
indicate a 0.9 percent decrease in parking occupancy for each 100 additional vehicles 
owned in a tract. Each 100 additional vehicles owned in a tract is associated with a 
decrease in total and per-space revenue by 2.1 percent and 1.4 percent, respectively.  
 
Transit Stops Per Square Mile: Transit stops per square mile is negatively associated 
with on-street parking occupancy, showing an additional stop per square mile is 
associated with a 11.2 percent decrease in parking occupancy. This may be a function 
of increased mode choice options in these neighborhoods. Additionally, it should be 
noted that the cost to park and the number of stops are positively correlated with each 
other (r=0.5), thus the density of public transit and parking cost are working in the same 
direction. Number of transit stops per square mile is also negatively associated with per-
space revenue; each additional stop per square mile is associated with 1.3 percent 
decrease in per-space revenue. In contrast, density of the public transportation network 
is positively associated with total parking revenue, and each additional stop per mile is 
associated with a 15.8 percent increase in total tract revenue—again likely due to the 
density of the network and cost per hour being positively related to one another. Figure 
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4.6 shows the relationship between transit stop density and average per space revenue 
(Model 3); the pattern of association holds across times of the day.   
 
 
Figure 4.6: Associations between Transit Stops Per Square Mile and Per-Space 
Parking Revenue by Time of Day  
The solid vertical line in each cell of this figure represents the mean number of transit 
stops/square mile in a census tract. 
 
Number of Parking Citations: For each additional 100 parking citations issued in a tract, 
parking occupancy increases by 5.8 percent. This may relate to more citations being 
issued in areas that have a higher demand for parking, thus creating more parking 
violations and/or opportunities to issue citations. The number of parking citations in a 
tract is negatively related to total and per-space, on-street parking revenue. An increase 
of 100 parking citations is associated with a 1.1 and 3.2 percent decrease in total and 
per-space revenue, respectively. 
 
Median Household Income: Tract median household is positively associated with 
parking occupancy, but negatively associated with total and per-space parking revenue. 
A $1,000 increase in the median household income in a tract is associated with a 0.7 
percent increase in parking occupancy. This finding is likely related to the fact that as 
income increases, the likelihood for off-street parking would also increase. These two 
variables have a statistically significant correlation (r=0.11). Income is, however, 
negatively related to parking revenue. We find an additional $1,000 in median 
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household income is associated with 1.1 and 0.9 percent less total and per space 
revenue, respectively. It should be noted that the relationship between the average cost 
to park per hour is negatively related with household income (r=-0.25); in other words, 
parking appears to be cheaper in neighborhoods with higher household incomes. 
 
Population Density: Every additional 1,000 people per square mile is associated with a 
3.3 percent decline in parking occupancy. It could be that denser areas also have more 
opportunities for active and public transportation, thus needing less parking. We could 
also surmise that the areas with greater population density, also have more land 
devoted to residential zoning (statistically significant relationship, r=0.4), thus less of a 
need for commercial/retail oriented on-street parking. The same increase in population 
density is associated with a 3 percent increase in total tract revenue and a 1.9 percent 
increase in per space parking revenue.  
 
Zoning & Land Use: All three models highlight the role that land use plays in the 
demand for parking and the revenue it generates. In Model 1 (parking occupancy) we 
find all of our land use variables are statistically significant when compared to the 
omitted category (percentage of land in the tract zoned for commercial use). Compared 
to commercial land use, tracts with higher shares of residential, industrial and other-use 
land have lower parking occupancy; by contrast, tracts with higher shares of mixed-use 
land have higher parking occupancy, all else equal. A similar pattern emerges when we 
look to total and per-space parking revenues. For the most part, the more land that is 
devoted to commercial uses, the more total and per-space revenue is generated; this is 
likely because metered parking areas tend to be in commercially zoned districts. A one-
unit or one-percent increase in residential land use reduces total revenue by 0.4 percent 
and per-space revenue by 0.1 percent. A one-percent increase in mixed-use land is 
associated with a 1.8 percent decrease in total revenue, but a 0.4 percent increase in 
per-space revenue. Finally, a 1 percent increase in other zoning/uses is associated with  
1.1 and 0.3 percent declines in total and per-space revenue, respectively. Land zoned 
for industrial uses sees a 0.5 percent increase in total revenue for a 1 percent increase 
in that land use compared to commercial use.   
 
Other Controls: Controls for time of day, the day of the week, and year reveal significant 
associations with parking occupancy and revenues. Afternoons have greater levels of 
occupancy and revenue generated than mornings, likely owing to more businesses 
being open after the end of the morning time category (10 a.m.). Total and per-space 
revenue, however, is lower in the evenings (4-7 p.m.) compared to the morning (8-10 
a.m.). Mondays have the lowest levels of occupancy and revenue when compared to all 
other days in which on-street parking is charged for; parking occupancy and revenues 
are higher in the second half of the week. After controlling for other variables, parking 
occupancies and revenues have fallen slightly over time. 
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5.0 DISCUSSION AND CONCLUSION 
The results of the analysis suggest that, while parking occupancy and revenues may not 
fall at current rates of TNC use, cities should prepare policies to adapt to an uncertain 
autonomous future. Seattle, like many cities, does not set parking rates to maximize 
revenue. Yet parking revenues are critical to financial stability within the City budget. In 
the City’s 2018 budget, parking meter revenue accounted for about 3 percent of general 
fund revenue, or about $44 million, this share of general fund revenue has remained 
relatively stable over the past five years (City of Seattle,  2018). 
Our report findings suggest that—at least at current trip levels—TNC use will not 
decimate either total or per-space parking revenue in cities. Model results do, however, 
suggest that as trip volumes increase, revenues may decline. Model predictions show 
that parking revenues will decline if or when TNC (or possibly AV) trips are about three 
times greater than the average number of daily trips taken in 2016. Observed on-street 
maximum parking occupancy rates also indicate that we are closer to peak parking 
(revenue) than these predictions would otherwise indicate. This suggests that, while 
some travelers may hail a TNC in lieu of driving, modal substitution is not yet resulting in 
parking revenue losses overall, although it is getting closer. Instead, rather than TNCs 
reshuffling a fixed number of travelers into a different modal mix—more people are 
traveling to and from destinations using a combination of modes, including both 
personal vehicles and TNCs. In other words, TNCs and driving, which at first blush 
seem to be classic substitutes, may in fact be complementary by enabling more people 
to travel to/from locations on preferred routes, times, and modes. The data used in this 
study do not provide insight into which TNC trips substitute for personal driving, which 
carry people who previously traveled by other modes or at other times of the day, or 
which are new trips entirely. Additional research is needed to better understand the 
potential mode shift dynamics between driving, TNCs, and other modes.  
The analysis presented in this report assumes no policy action by cities. Current City of 
Seattle parking policy aims to maintain an on-street occupancy rate between 70 and 85 
percent (Baruchman, 2018). If occupancy begins to fall with much higher levels of TNC 
(or AV) use, cities may have to consider policy alternatives. One option would be to 
lower parking prices to reflect lower demand for parking. Lowered prices would erode 
parking revenues, but, importantly, may also counter many cities’ efforts to encourage 
car-alternative travel. Instead of lowering prices to rebalance parking supply with 
demand, cities could instead maintain parking prices but reduce their on-street parking 
supply repurposing on-street spaces for other uses such as parklets, loading spaces, or 
non-auto parking spaces. This action would also likely reduce total parking revenues, 
but may produce ancillary benefits such as managing congestion through additional 
loading spaces, facilitating micromobility with additional non-auto parking spaces, or 
enhancing the streetscape and useable outdoor space with parklets. Many cities are 
already experimenting with alternative uses for parking spaces: Washington, D.C., 
recently completed an on-demand, curb-space reservation pilot for a variety of 
commercial uses including TNCs, food deliveries, and commercial deliveries (District 
Department of Transportation, 2019); Boston, too, is experimenting with similar pilots 
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with some success (Short, 2019). In both cases, the city replaced traditional parking 
revenue with another source (loading zone reservations) while simultaneously 
addressing congestion issues.    
Per-space parking revenues in Seattle were highest in commercial and mixed-use 
areas, and model results show that increasing residential and other land uses slightly 
reduces total parking revenue relative to commercial and all else equal. This may 
indicate that cities should, in the longer run, focus policy efforts on commercial and 
mixed-use areas for more revenue opportunities since they are projected to have larger 
revenue shortfalls. Finding replacements for these revenues, such as the piloted 
projects in Washington, D.C., or Boston, could help offset projected revenue losses, but 
may not be a panacea.  
Model results for both total and per-space revenue show that the built environment 
including land use and population density have relatively small associations with 
revenue compared to the broader temporal and transportation context: time of day, 
number of parking spaces, and parking price all have strong associations with parking 
revenue. This finding affords a policy opportunity across land uses. Policymakers and 
planners can adjust parking prices or policies by time of day or day of week to achieve 
desired occupancies or outcomes. Other researchers suggest setting occupancy goals 
instead of attempting to maximize revenue, which may result in underutilized parking 
(Pierce, Willson, and Shoup, 2015). 
Cities are not in immediate danger of losing parking revenues due to TNCs, and parking 
demand will not disappear overnight. Nevertheless, cities should practice scenario 
planning to understand revenue implications as people take more TNC trips—and 
eventually AVs—in the coming years. Dynamic analyses are needed to assess how 
parking rates change in response to higher TNC use, and how those changes paired 
with one another could affect parking revenues. 
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